This study focuses on the relationship among Content Knowledge (CK), Pedagogic Knowledge (PK), and Technological Knowledge (TK) using Technological Pedagogical Content Knowledge (TPACK). The aim of the study is to use the determined relationship to provide mathematical clarity using the Rough Set Theory, which is commonly used in areas such as Artificial Intelligence, Data Reduction, Determination of Dependencies, Estimation of Data Importance and the establishment of Decision (control) Algorithms. Accordingly, TPACK scale was applied to 340 preservice teachers who, at the time of conducting this study, were continuing their teaching at elementary (grade 5-8) and secondary (grade 9-12) Mathematics Teaching Department. The gathered data was broken into three different groups -low, medium and high. The data grouping allowed for applying of the Rough Set Analysis. This will enable TPACK constructs to assign prospective teachers to any of the three identified groups. Analysis has put forth that the CK, PK and TK components explain TPACK with a dependency degree of 0.105 and that even though the levels of significance of each component is low by itself, it cannot be removed from the data set. Lastly, decision rules have been established between CK, PK and TK with TPACK.
INTRODUCTION
The Pedagogical Content Knowledge (PCK) put forth by Shulman (1986) in teacher education has recently become popular again and different approaches and models (Mishra & Koehler, 2006) have been tried to be developed using this model. The Technological Pedagogical Content Knowledge (TPACK) is currently viewed as the most widely accepted framework to account for the knowledge teachers need to integrate educational technology (Sang, Tondeur, Chai & Dong, 2016, p. 49) . According to Brantley-Dias and Ertmer (2013) , the TPACK framework has become a popular structure for examining the types of teacher knowledge need to ensure technology integration.
In addition to the intense interest in the TPACK model, several theoretical (Abbitt, 2011; Chai, Koh & Tsai, 2013; Cox & Graham, 2009; Voogt, Fisser, Pareja Roblin, Tondeur, & van Braak, 2013) and practical (Archambault & Barnett, 2010; Brantley-Dias & Ertmer, 2013; Sang et al., 2016) studies reported about limitations, contradictions and difficulties of the TPACK model. In particular, it was determined that it was difficult to measure the knowledge and beliefs of teachers or pre-service teachers for constructs in the TPACK model (Angeli & Valanides, 2009; Archambault & Barnett, 2010; Brantley-Dias & Ertmer, 2013) . In particular, some researchers reported problems in using TPACK measurements due to indefinite definitions and examples of TPACK constructs (Archambault & Crippen, 2009; Cox, 2008; Cox & Graham, 2009; Sang et al., 2016) .
Several measures developed to draw attention to validity and reliability to assess TPACK constructs between teachers and pre-service teachers (Kopcha, Ottenbreit-Leftwich, Jung & Baser, 2014, p. 87) . However, researcher like Graham (2011) and Abbitt (2011) noted critical issues about the validity and predictability of the TPACK model. According to them, TPACK constructs were not easily identified or separated. However other notable studies showed the construction validity of the TPACK framework (Archambault & Barnett, 2010; Chai, Ng, Li, Hong, & Koh, 2013; Drummond & Sweeney, 2017; Kopcha et al., 2014; Lin, Tsai, Chai, & Lee, 2013; Schmidt, Baran, Thompson, Mishra, Koehler & Shin, 2009 ).
As pointed out by Scherer Tondeur and Sıddık (2017) , with the efforts to conceptualize these knowledge domains comes the question to what extent they can be distinguished empirically. Kopcha et al (2014) stated that, these related researches suggest that it might be difficult to distinguish between specific TPACK constructs in practice. Although this TPACK framework is interconnected and suggests different sets of knowledge, there is only limited but diverse evidence about the empirical distinction between them Kaya & Dag, 2013; Koehler, Mishra, Kereluik, Shin, & Graham, 2014; Koh, Chai, Hong, & Tsai, 2013; Lee & Tsai, 2010; Pamuk, Ergun, Çakır, Yilmaz, & Ayas, 2015; Reyes, Reading, Rizk, Gregory, & Doyle, 2016; Scherer et al., 2017; Yeh, Hsu, Wu, Hwang, & Lin, 2017) . According to Shin and Mishra (2012) , it is important to draw accurate and comprehensive inferences from the TPACK framework. For teacher education and professional development, valid assessments of the TPACK knowledge areas are required.
Due to the fact that the TPACK model is an internal and dynamic construct, it is difficult to measure accurately (Kagan, 1990) . In related literature the collection of different types of data (Agyei & Keengwe, 2014; Angeli & Valanides, 2009 Graham, Borup & Smith, 2012; Hofer & Grandgenett, 2012; Koehler, Mishra & Yahya, 2007; Koehler et al., 2012; So & Kim, 2009) and the use of different methods of data analysis (Drummond & Sweeney, 2017; Jen, Yeh, Hsu, Wu, & Chen, 2016; Kopcha et al., 2014; Tondeur, van Braak, Siddiq, & Scherer, 2014; Yeh, Hsu, Wu, & Chien, 2014) , all should enable for more understanding of the TPACK model and constructs.
This study suggests a new objective measurement of TPACK with different analysis techniques to support the existing TPACK measurements. This study describes the process of determining objective TPACK using Rough Set Analysis. It is expected that this study will be useful in understanding and interpreting the knowledge constructs of the TPACK model in a more accurate and comprehensive sense.
THEORETICAL FRAMEWORK Technological Pedagogical Content Knowledge Model
The concept of TPACK emerged when knowledge on technology was added to the content knowledge of teachers and to their Pedagogical Content Knowledge (PCK), which is a concept put forth by Shulman (1986) (Mishra & Koehler, 2006) . TPACK includes Pedagogical Knowledge for the integration of teachers' knowledge and communication technologies . In principle, TPACK covers three different basic knowledge; Content Knowledge (CK), Pedagogical Knowledge (PK) and Technological Knowledge (TK). TPACK has been put forth from the intersection of these three different fields of knowledge and these three different fields of knowledge have been put forth from the double intersections with TPACK (Mishra & Koehler, 2006) . Teacher knowledge has three main components: content, pedagogy and technology. Interactions between these knowledge constructs are important for the model and at the same time are represented as PCK, TCK (technological content knowledge), TPK (technological pedagogical knowledge) and TPACK ).
As described by Mishra and Koehler (2006) TPACK represents the thoughtful interweaving of these "three key sources of information -technology, pedagogy and content". However according to Koehler and Mishra (2009) , TPACK is a new knowledge form that goes beyond the three basic components (content, pedagogy and technology). TPACK model is a conception that emerges from the interactions of content, pedagogy, and technology knowledge. Underlying truly meaningful and deeply skilled teaching with technology, TPACK is different from the knowledge of all three concepts individually. TPACK emphasizes the connections and the interactions between content, pedagogy and technology (Mishra & Koehler, 2006) . Koehler et al. (2007) stated that TPACK was a situated form of knowledge required for the intelligent use of technology in teaching and learning. From a different perspective, Brantley-Dias and Ertmer (2013) argue that "TPACK is a complex construct, which has led to a variety of conceptions, definitions, as well as proposed methods for measuring and facilitating its development" (p.121). In several studies, researchers described TPACK characteristics were situated, complex, multifaceted, integrative, and/or transformative knowledge (Angeli & Valanides, 2009; Harris, Mishra, & Koehler, 2009; Manfra & Hammond, 2008) .
Moreover, there are scales which were developed for collecting data about TPACK model by Schmith et al. (2009 ), Graham et al. (2010 , Şahin (2011), Chai, Koh and , Doukakis et al. (2010) , Sang et al. (2016) , Tondeur et al. (2016) , Yeh et al. (2017) and Pamuk et al. (2015) . Generally, the purpose of these scales is to determine the TPACK levels of pre-service and inservice teachers. It was determined that for pre-service and in-service teachers' knowledge and perception levels were assessed in TPACK constructs in different disciplines (e.g., mathematics, science and social sciences) by these scales. But there is limited research on interactions and relationships on TPACK model constructs.
In addition to the rising interest and popularity of the TPACK model, there are also various opinions and criticisms related to the limitations of the model. Opinions have been put forth in general regarding the construct of the model and the relationships, interactions and limitations of the constructs within this framework. For example, according to Brantley-Dias and Ertmer (2013) , TPACK could be a large (vague or ambiguous) constructs with seven domains of knowledge that would make a reasonable application possible. As stated by Graham et al. (2012) , "the TPACK framework adds a significant level of complexity to the already complex PCK framework by more than doubling the number of framework constructs (from three in PCK to seven in TPACK)" (p. 4).
Jimoyannis (2010) suggests that it is not an easy task to reveal the complex network of interaction between content, technology and pedagogy in teaching research. This theoretically creates a need to develop robust TPACK framework. On the other hand, Angeli and Valanides (2009, p. 157) , stated that the degree of precision of TPACK should be examined. The degree of precision of a construct refers to the discriminating value of the construct and has important implications for its development and assessment. Archambault and Barnett (2010) conducted a study to examine the nature and validity of the TPACK framework. They concluded in their study that the TPACK framework was helpful from an organizational standpoint, however, it was difficult to separate out each one of the components, because measuring each of these components was complicated and convoluted, potentially due to the notion that they were not separate.
While Mishra and Koehler have provided definitions of each construct that articulate to some degree the centers of these constructs (Koehler et al., 2007; Mishra & Koehler, 2006) , the boundaries between them are still quite fuzzy, thus making it difficult to categorize boundary cases (Cox 2008, p. 22) . Angeli and Valanides (2009) argue that the conceptualization of TPACK requires theoretical clarity. Their criticism is focused on the current form of TPACK, because of the connections among content, pedagogy, and technology and that appears to be too general.
The boundaries between some components of TPACK, such as what they define as TCK and TPK, are fuzzy; indicating a weakness in accurate knowledge categorization or discrimination; and, a lack of precision in the framework (Angeli &Valanides, 2009, p.157) . As stated by Archambault and Crippen (2009) and Graham (2011) , TPACK is built on a "fuzzy" base with domains that lack clear boundaries. Cox (2008) also found that the boundary conditions of TPACK constructs were uncertain. According to Graham (2011) , there is very little evidence that her attempt to clarify TPACK construct boundaries have influenced the precision with which other researchers have tried to define their constructs. In addition, Archambault and Barnett (2010) state that the model is experiencing some disappointment with its potential to provide prediction information.
It has been determined that different data analysis techniques have been used in the studies to measure the constructs of the TPACK model (Drummond & Sweeney, 2017; Jen et al., 2016; Kopcha et al., 2014) . Koehler et al. (2014) state that the "high degree of correlation between the subscales of TPACK raises questions about the extent to which the components of TPACK are, in fact, separate components" (p. 106). Chai, Koh, and Tsai (2016) argue that "when the factors are analysed together, construct validity for all seven factors may be problematic" (p. 90). Cox and Graham (2009) argue that the limits of TPACK constructs and the boundaries between these constructs are still fuzzy. Cox and Graham's (2009) TPACK framework provides definitions and distinctions of TPACK constructs, while a clearer definition of TPACK is needed in the context of TPACK. Graham (2011) state that the uncertain boundaries between TPACK knowledge constructs require theoretical development and empirical research. It is said that there is a need for application research is important in different contexts for verification and discussion of TPACK model constructs. It was determined that there was limited research on interaction and relationship of constructs of TPACK model. In this study, a different mathematical analysis approach called rough set analysis is used for providing comprehensive information on interaction and relationship of constructs of TPACK model. This study is aimed to obtain diverse and comprehensive information about TPACK model. Thus the following questions may arise from TPACK model: does the intersection of TK, CK, PK really make up TPACK? Moreover, what is the relationship between these sets? How can this relationship determined mathematically? The focus of this study has been on such relationships. Similar questions can be asked about the relationships between TK, CK and TCK; PK, CK and PCK; TK, PK and TPK. This research aims to investigate the relationship between TPACK profiles of pre-service mathematics teachers and TPACK constructs with rough set analysis. Because data mining method is used in education technology researches recently (Angeli, Howard, Ma, Yang, & Kirscher, 2017; Lin, Yeh, Hung, & Chang, 2013) . The use of these analyses in classroom-based educational technology research shows that more comprehensive and accurate information can be reached.
It is thought that rough set concept -which enables the mathematical handling of ambiguous concepts in engineering, military, economy, artificial intelligence and education as well as many other fields can be beneficial in this and therefore this study has been designed. It is assumed that a relevant data analysis will be able to explain the relationships in a better way.
Ambiguous Concepts and Rough Set Theory
The first successful uncertainty approach was the fuzzy sets defined by Zadeh in 1965. In this approach, the membership of an element in a particular set is defined by the membership function. In other words, the expression 'the element is a member of the set at this level' is used in fuzzy sets instead of stating whether the element is certainly a member or not. Another successful uncertainty approach was the rough set concept that was defined by Pawlak in 1982. These sets are used as a mathematical tool to acquire knowledge from uncertain and undefined data (Pawlak, 1991 (Pawlak, , 1995 . It is thought that the rough set theory can be used in the solution of problems such as reduction of data, discovery of dependencies, estimation of the importance of data, setting up of control algorithms from data, the approximate classification of data, the discovery of similarities and differences among the data, the discovery of patterns in the data and, the discovery of causal relations within the data (Aydoğan & Gencer, 2007; Pawlak & Slowinski, 1994) . There are examples of the theory being applied in different fields as well as in education (Narlı, 2010; Narlı & Özçelik, 2010; Narlı, Özgen & Alkan, 2011; Yörek & Narlı, 2009 ).
Explanations of TPACK and its related configurations are not sufficiently clear that researchers do not agree on what they are and there are no examples of each constructs (Cox & Graham, 2009 ). In study by Graham (2011) , he states that limitations is taken into account for TPACK model. Graham (2011) noted that there was still a need to understand the interactions between TPACK's knowledge bases. In his work, he stated that researchers carried out analyses that reveal some understanding of the nature of interactions among knowledge bases. It can be thought that the rough set analysis of the acquired data can be better, as it will enable better comments and will fill the intended gap more fully for information collected from pre-service teachers for TPACK. The emergence of the presented study depends on this assumption.
Purpose of the Study
In this context, it is thought that the analysis of rough set data would be useful, since there were many complexities and uncertainties in the measurement of TPACK constructs of teachers or/and pre-service teachers. Teachers' focus on cultural/institutional considerations such as classroom logistics and processes, can negatively influence their consideration of TPACK; whereas teachers' beliefs, pedagogical considerations, and the quality of design facilitation positively influence teachers' consideration of TPACK (Koh, Chai, & Tsai, 2014) .
The current issues related to the clarity of TPACK constructs support the need to critically assess the framework and the associated measures (Kopcha et al., 2014) . In other words, it is important to clarify that TPACK is not static or fixed, but it is a dynamic and flexible knowledge unit to be affected by rapid changes in technology and bi-directional relationship between knowledge and practice (Cox & Graham, 2009; Doering, Veletsianos, Scharber, & Miller, 2009; Mouza, 2009; Mouza, Karchmer-Klein, Nandakumar, Yilmaz Ozden, & Hu, 2014) .
Existing studies in related literature attempted to validate TPACK self-report assessments by investigating their factor structure and the degree to which the knowledge domains can be empirically identified (Voogt et al., 2013) . Furthermore, it was concluded that the boundaries between the TPACK knowledge domains were often fuzzy (Sang et al., 2016) . And, knowledge about these differences extends the existing body of literature and increases our understanding about the nature of TPACK in educational contexts (Scherer et al., 2017) . In this context, it can be said that standard measurement and analysis methods are not enough for teacher and preservice teachers to measure complex and uncertain bounded knowledge constructs such as TPACK model.
In this study, it will be examined how CK, TK and PK components measure TPACK level. Besides, it will be tried to explain how the relationships between the knowledge constructs in TPACK model. Rough sets have been used in case of vagueness in fields such as mathematics, computing engineering, as well as philosophy and psychology. It can be argued that this study has shown that rough sets can be used to analyze data in educational research in order to obtain more detailed information about our students' TPACK in certain instances. For the first time in the studies related to TPACK, analysis of the data with the rough cluster data analysis will be done in this study. A different approach was aimed in the analysis of the complex and fuzzy data collected for the TPACK model with the analysis of the rough cluster.
The purpose of this study is to examine pre-service mathematics teachers' TPACK perception using Rough Set Analysis. Furthermore, the aim is to determine this relationship in a manner that will provide mathematical clarity with the help of Rough Set Theory which is used in areas such as artificial intelligence, data reduction, determination of dependencies, estimation of data importance and the establishment of decision (control) algorithms using data. Relationships between Content Knowledge (CK), Pedagogical Knowledge (PK) and Technological Knowledge (TK) with TPACK are also examined by pre-service teachers' perceptions. Results of this study can provide researchers and educators with a better understanding of pre-service mathematics teachers' TPACK components and its relationships.
Research Questions
Based on the related literature, this study aims to address the following research questions:
• What are the relationships between CK, PK and TK with TPACK?
• How these relationships between CK, PK, TK components and TPACK be determined mathematically using Rough Set Analysis? • What are the decision rules that have been established between CK, PK and TK with TPACK?
METHOD
The presented study is a descriptive survey model study. Such studies are carried out to shed light on a given situation, make evaluations according to given standards and put forth the possible relationships between events (Çepni, 2009, p. 64) . The objective of the model is to define a completed or ongoing situation. The core of the study where is a situation, an individual or objects are the subject of the study is defined as it is under its own conditions (Karasar, 2008, p. 77) . The perceptions of pre-service mathematics teachers about the constructs in the TPACK model have been determined.
Participants
The study was carried out with a total of 340 pre-service mathematics teachers who were studied at the elementary school mathematics teaching and secondary school mathematics teaching programs at a state university in Turkey. The pre-service teachers were randomly selected from the last two year students attending these programs. The reason for students in their final years is the thought that it can contribute to the determination of the perceptions of pre-service mathematics teachers to knowledge types in the TPACK model. In addition, preservice mathematics teachers in these classes had taken various courses on pedagogy and technology. 129 (37.9%) of the pre-service mathematics teachers who participated in the study were male and 211 (62.1%) were female. In addition, 213 (62.6%) of the pre-service mathematics teachers studied their teaching at elementary school mathematics teaching program, whereas 127 (37.4%) studied their teaching at secondary school mathematics teaching program.
Data Collection
In this study, a scale regarding college students' perceptions in TPACK constructs, which is originally developed by Şahin (2011), was used. In the survey of TPACK, higher scores for each subscale indicate higher perceived acquaintance with the applications of the knowledge base. The TPACK survey included seven subscales (TK, PK, CK, TPK, TCK, PCK, and TPACK) with 47 survey items. The survey items were on a Likert-type scale with five choices for response, including "no knowledge, little knowledge, medium knowledge, quite knowledge and complete knowledge". In the study, the Cronbach alpha reliability coefficient was found to be between 0.83 and 0.90 for the subscales of the survey, which indicated that the instrument was a reliable measure.
Data Analysis
According to the theory, the subset of a universal set is defined with the help of two sets named as the lower and upper approaches of the subset. Lower and upper approaches are formed by equivalence classes (Pawlak, 1997) .
Information table is shown in rough set theory as = ( , , , ). Here, represents the universal set; represents the set of properties related to the study area. The , ⊂ sets specify condition and decision properties respectively.
In case ∈ and ⊂ are taken, the indiscernibility relation IND( ) pair is defined as:
In case the equality classes set separated by IND( ) on is shown by / , the / and / sets are named respectively as condition and decision classes. The lower and upper approximate sets of the set with ⊂ and ⊂ and the boundary region are defined respectively as below:
According to the Rough Set Theory, ( ) set consists of elements that are members of the set according to the property defined by the IND( ) equality. Whereas the elements of the ( ) set are the probable elements of the set according to the property defined by the IND( ) equality. According to the given structure, if the boundary region of the set is empty, set is called exact or R-definable set and is called rough set if not.
Rough sets can be characterized with a constant in the closed interval of [0, 1]. This constant, which will determine the clarity of the approach is defined as α
. It is clear that the set is exact if α ( ) = 1 and rough set if not.
Let and be condition and decision properties sets respectively. If is a value calculated as is shown below, it can be said that is dependent to at a level of (0 ≤ ≤ 1) and is shown as => .
Here, ( ) is defined as the positive region of / quotient according to and is defined as:
In case = 1, fully depends on . In case < 1, partially depends on . ( , ) defines the closeness of the / quotient and its estimation according to the conditions at whereas the coefficient represents the level of dependency (Pawlak, 1998) 
The intersection of all reduced property sets is known as core. The core may be an empty set. If the set of the reduced property sets of a property set is shown with RED( ), CORE( ) =∩ RED( ).
The significance level of a certain ∈ condition property in = ( , , , ) knowledge TCK is shown as ( , ) and this constant is given as ( , ) = [ ( , ) − ( − { }, )]/ ( , ) (Pawlak, 1997) .
Using the Rough Set Method, it has been determined to which group in the sub-groups of the TPACK scale the students belong to. Rough Set Analysis has been used to determine the level of effect TK, PK and CK scores have on TPACK, the level of belonging of pre-service mathematics teachers to other groups who are members of the low, medium or high group in TPACK and the decision rules that can be written between TK, PK and CK and TPACK.
The total scores and averages of pre-service mathematics teachers in the seven sub-scales of TPACK scale were calculated. The pre-service mathematics teachers were included in one of the three groups of low, medium and high according to their average scores in the particular subgroup for Rough Set Analysis. Based on the formula of the interval width, which included dividing the series width by the number of groups to be made (Tekin, 2007) , the arithmetical means of the TPACK scale were interpreted as low, medium, and high. Lower and upper limits for these groups were determined as shown in Table 1 .
In order to analyze using rough sets, the three basic types of knowledge (TK, CK, PK) in TPACK model should be in categorical data form. Therefore, the data in these three basic types of knowledge, low, medium and high level area as discussed in the categorical manner. Thus mathematical evidence for the relationship between these knowledge types and determine them together TPACK model was obtained.
RESULTS

The Effect of TK, PK and CK on TPACK
A property-value table has been prepared in the Rough Set Analysis process where each row shows an object (or an example) and each column shows a property that defines the object. That is, the condition attributes and decision attributes arrangements of the data have been made. The TK, PK and CK condition attributes have been selected as decision attributes in TPACK (see Table 2 ).
= { , , , } knowledge TPACK has been formed for the study using the acquired data. In the table, = { 1 , 2 , … , 243 } represents the universal set of pre-service mathematics teachers; = {TK, PK, CK, TPACK} represents the attributes set consisting of technological knowledge, pedagogical knowledge, content knowledge and technological pedagogical content knowledge;
= {TK, PK, CK} represents the condition attributes set and = {TPACK} represents the decision attribute set. The students were labeled according to their scores taken from the applied scale. For instance, the student 55 was assigned to "low" group and labeled as "1" because his/her mean score for TK subscale was in the interval of [1.0 -2.33]. Similarly, because his/her mean score for PK subscale was in the interval of [2.34 -3.67], he/she was assigned to "medium" group and labeled as "2". Similar processes were applied to subscales of CK and TPACK. 10 students example of the knowledge table formed using the acquired data has been given in Table 3 . In theory, TPACK can be thought of as the cross section of TK, PK and CK. However, when Table 3 is examined; it is observed that students that fall into a low group in TK and CK and those that belong to a medium group in PK can be members of a low group in TPACK as well as taking part in ( 55 and 283 ) a medium group ( 285 ) as well. Indeed, it can be understood that students that belong to a medium group in TK, PK and CK can be part of low ( 4 ), medium ( 7 ) or high ( 65 ) group in TPACK. As mentioned in the introduction section, there are studies stating that the elementary forms of knowledge (TK, CK and PK) have an indirect effect on TPACK. However, core knowledge basis (PK, CK, TK) had an impact on TPACK development (Pamuk et al., 2015) and they are predictors of teachers' TPACK . In this case, can we say that the student 285 who is in the medium group in TPACK belongs potentially to a low group? To what extent do TK, PK and CK scores determine TPACK? These questions have been tried to be answered using Rough Set Analysis.
Indiscernibility Relation
The students have been classified into equivalence classes according to their TK, PK and CK scores using the equivalence relation; whereas the universal set has been separated into low ( TPACK ), medium ( TPACK ), high ( TPACK ) sub-sets according to TPACK that determines the decision attribute. The number of members of the sets are respectively ( TPACK ) = 58, ( TPACK ) = 220 and ( TPACK ) = 62. The lower and upper approach sets are important concepts defined by the equality relation of the rough set theory. Lower and upper approach sets have been determined for each of these three sub-sets. Accordingly, the number of elements of the lower and upper approach sets of TPACK have been determined as � ( TPACK )� = 14 and � ( TPACK )� = 231. It is observed that there are 173 elements that belong to the upper approach set but in reality do not belong to the TPACK set. Hence, these members are thought to be for students from the lower group in TPACK. 155 of these students belong to the medium group, whereas 18 of them belong to the upper group. However, they are still accepted to potentially belong to the lower group because they are members of the upper approach set ( TPACK ).
Similarly, the number of elements of the upper and lower approach sets of students that make up the medium group have been determined respectively as � ( TPACK )� = 22 and � ( TPACK )� = 324. Since the lower approach set consists of 22 members, there are 22 students that absolutely belong to the medium group. In addition, it has been observed when the upper approach set is examined that all students who are not in the medium group but in the high group are potentially medium group students. When a similar analysis is made for upper group students, it was observed that � ( )� = 0 and � ( )� = 267.
Since the boundary sets ( TPACK ), ( TPACK ), ( TPACK ) of the three sets for which upper and lower approaches have been determined above are not empty, these are rough sets. The accuracy level constants of the sets defined in Section 2 have been determined as, This shows that the TK, PK and CK scores of students partially explain their TPACK scores.
Dependency of Attributes
Another important topic of the study was the discovery of the dependencies between attributes. In order to do this, first it was examined to what extent TK, PK and CK determine TPACK. = {TK, PK, CK} and = {TPACK}; the extent to which explains or in other words the level of dependency of on can be given by the equality of:
In our cases this value is as follows.
The obtained result shows to what extent the TK, PK and CK levels of a student explain his/her TPACK level. It is observed that this value is low. In case = 1, fully depends on and in case < 1, partially depends on . From here, it can be calculated to what extent the scores of TK, PK and CK explain TPACK by themselves or in pairs.
Here, if we think that = {TK, PK, CK}, the following are obtained: RED( ) = {{TK, PK, CK}} and CORE( ) =∩ RED( ) = {TK, PK, CK}. Accordingly, it can be stated that the set of attributes is irreducible. It is determined that TK, PK and CK sets are inadequate in explaining the TPACK model alone. And, for determining TPACK model, these sets can't be removed.
Significance of Attributes
The significance levels represented by ( , ) in the = ( , , , ) knowledge table for TK, PK and CK each have been determined as TK ( , ) = 0.809, PK ( , ) = 1 and CK ( , ) = 0.838. It is determined that CK, TK and PK are statistically significant predictors of TPACK model. In addition, PK has a strong effect and TK has a lowest significance level on determining TPACK.
Generating Decision Rule Algorithm
Generating decision is an important topic for knowledge systems. Because, the rules that can be obtained can be used for the determination of the classes that other samples are members of. The generation of rules from knowledge table will be discussed in this section. The relationships between attribute sets and equivalence relations can be used to generate rules.
Let us assume that = { 1 , 2 , … , } is an independent set of attributes and that we have a single dependent variable of . Let us represent the equivalence relation of the class with θ and that of the property with θ . Let us also think that the partition that will be obtained with θ is represented by { 1 , 2 , … , } and that of θ is represented by { 1 , 2 , … , }. We can associate the = { : ∩ ≠ ∅} set with each set. We can write the following since the { 1 , 2 , … , } set is the partition of the universal set:
"If ∈ , ∈ (1) or ∈ (2) or … ∈ ( )" (9) This relation can be written as below with 1 ( ) function representing the value of the element in the property:
"If 1 ( ) = 1 and … and ( ) = ; ( ) = 1 or … or ( ) = 1 " (10)
There are two types of rules in the Rough Set Theory, they are determining and non-determining rules. If the set has only a single element, then class is called the determining class and the rule that will be generated by this class will be called the determining rule; whereas on the other hand the class is called non-determining class, and the rule generated by this class is known as non-determining rule. Different methods can be used in generating decision rules. For example, classification accuracy ( ) the rule coverage ( ) for a certain rule is defined below. Here, sup( ) is the number of cases that match the condition part of rule and | | is the number of cases that match the decision attributes of the rule.
In the light of the presented concepts, the rules obtained in this study have been given in Table 5 . Furthermore, 33 rules have been obtained in the study. 7 of the generated rules are determining, whereas 26 are non-determining. TK=1, PK=1, CK=1 THEN TPACK=1  2  1  0.034  IF TK=1, PK=1, CK=2 THEN TPACK=1  2  1  0.034  IF TK=1, PK=2, CK=1 THEN TPACK=1  2 
DISCUSSION
In this study, perception of pre-service mathematics teachers regarding the constructs in the TPACK model has been tried to be determined via rough set data analysis. The analysis of acquired data has mathematically put forth that some pre-service mathematics teachers belong to either one of the low, medium and high groups. In terms of TPACK it can potentially be included in other groups as well. On the contrary, it has been determined that there are 36 preservice mathematics teachers that belong to a certain group. It can be stated that the vaguest group is the "high" group. When the certainty values of the low, medium and high group sets are examined, it can be suggested that the borders of the TPACK level set cannot be determined exactly.
In a similar research, Archambault and Crippen (2009) indicated that CK, PK, and PCK items loaded as one factor, whereas TPK, TCK, and TPACK items loaded as another in the result of exploratory factor analysis of a TPACK survey. Moreover, Lee and Tsai (2010) were able to isolate TK, TPK, TCK, and TPACK factors but found that PK and PCK items had loaded as one factor. Drummond and Sweeney (2017) point out that the competence of the teacher in the links between technology, pedagogy and content knowledge (TPACK) is essential for the effective integration of technology into the class. An important question arises from the results of this study and other studies. What are the connections of these knowledge types? In other words, and what is the level of relationships of these knowledge constructs? In this context, Koehler and Mishra (2005) analyzed the conversations between students-teachers and faculty who had to design online courses during a semester. The study indicated that over time the initially separate topics of content, pedagogy, and technology became more strongly interconnected. According to the results of this study, the accuracy of the TPACK levels in the analysis of the knowledge sets of the pre-service teachers was not clear. This result shows that these investigated knowledge constructs do not differ from one another clearly and that there may be different levels and combinations in pre-service teachers.
The analyses of the study have put forth that CK, TK and PK components explain TPACK level at a level of 0.105 but that they fail to explain this level one by one. On the contrary, when one of the components is eliminated from any of the data sets, it is observed that the explanation level decreases to 0.105. So it is observed that data reduction cannot be carried out in the attribute dataset of CK, TK and PK. This result is in compliance with the technology supported experimental study carried out by Chai et al. (2010) on pre-service teachers regarding the perceptions on the TPACK model constructs before and after the study. It has been determined in the aforementioned study that CK, TK and PK are statistically significant predictors of TPACK and that PK has a strong effect. The rough set data analysis of our study has been able to calculate the significance level of each component and it was observed that the lowest significance level was that of TK (0.809) and that the highest significance level was that of PK (1). Accordingly, it can be stated that the PK component is the most important one in determining the TPACK level. This leads us to think that significant data loss will occur if PK is eliminated from the knowledge TPACK. In addition, relations are concerned with the fact that each of the key factors of TPACK constructs can predict the higher forms of TPACK constructs proposed by Mishra and Koehler (2006) .
Another important result of this study is that all CK, TK and PK knowledge constructs are important for TPACK. Furthermore, it has been mathematically determined that one of these data constructs cannot be used for data reduction. And, TPACK model will be adversely affected if one is removed. Pamuk et al. (2015) tested in different ways and came to conclusion that although core knowledge bases (PK, CK, TK) in the model had significant impact on TPACK, their predictive powers came through second level knowledge bases (TCK, PCK, TPK). In other words, the direct effects on the TPACK development of core knowledge bases were lower than in the second level knowledge bases. There are various negative opinions regarding the combined use of CK, TK and PK components to explain the TPACK level (Angeli & Valanides, 2009; Cox, 2008; Graham, 2011) . If the study analyses putting forth that these components are able to explain TPACK at a level of 0.105 are considered, some of these criticisms should be taken into account.
Since the data is acquired via TPACK scale, the student levels of various relevant components are determined as the levels at which they feel themselves. Hence, the correlation coefficients may be determined to be higher if similar studies are carried out by calculating the CK, TK, PK and TPACK levels of pre-service teachers as they are in reality.
In some studies, results that did not partially match the findings of this study were obtained. In a quantitative study, found that Singapore teachers did not perceive significant relationships between PCK and TPACK. In addition, Harris et al. (2010) stated that only four of the seven TPACK sizes could be assessed using the course planning evaluation chart. found that direct positive predictors of TPACK of pre-service teachers were TCK, PCK and TPK, and indirect effects of basic TK, CK and PK.
In this study, the significance levels of TK, CK and PK for TPACK were determined. According to this, it was found that PK was the highest and TK had the lowest significance level. Similar results were determined in past studies. For example, it was found that the TK knowledge construct showed a low level of association with knowledge constructs involving technology (Kaya & Dag, 2013) . Studies focusing on the whole TPACK framework had found moderate to high correlations across all domains (Kaya & Dag, 2013; Sahin, 2011) . In another study, Sang et al. (2016) found that pre-service teachers were able to distinguish overlapping constructs such as TCK, PCK, and TPACK. Scherer et al. (2017) stated that measurement of the technology dimensions in the TPACK framework could capture pre-service teachers' general TPACK beliefs and specific beliefs on technological knowledge. However, given the high correlations between pedagogical dimensions (i.e TCK, TPCK and TPK), the criterion was not able to distinguish four factors (Scherer et al., 2017) .
TK, PK and CK constructs in TPACK model are theoretically seen as separate knowledge constructs. However, in this study, it was found that these knowledge constructs were not meaningful alone and that they were meaningful together for the TPACK model. The complexity, interactions and associations of these knowledge constructs present difficulties and uncertainties in measuring them. In the past studies the validity problem was of great importance in the measurement of TPACK constructs.
Studies on the validity of TPACK constructs had determined that lack of clarity of TPACK constructs (Chai, Ng, Li, Hong, & Koh, 2013; Jang & Tsai, 2012; Lin, Tsai, Chai, & Lee, 2013; Schmidt et al., 2009; Shinas, Yilmaz-Ozden, Mouza, Karchmer-Klein, & Glutting, 2013) . For instance, Drummond and Sweeney (2017) stated that the subjective knowledge assessed by TPACK scales could be supplemented by the inclusion of objective indices of technological pedagogical and content knowledge to form a more complete picture of pre-service teachers' TPACK. Jen et al. (2016) intended to validate features that were typical of levels in a hierarchical structure on the scales of teachers' knowledge about and application of technology for instructional use. Yeh et al. (2014) found that eight knowledge dimensions and 17 indicators of TPACK-practical were validated.
In recent years, studies on TPACK have been an important issue as to how the knowledge constructs can empirically be separated from each other (Scherer et al., 2017) . The difficulty of distinguishing between the TPACK constructs also arises when studies are conducted (Kopcha et al, 2014) . It has been determined that there are some studies that make empirical distinction for TPACK constructs and that there are different measurement and analysis methods Kaya & Dag, 2013; Koehler et al., 2014; Lee & Tsai, 2010; Pamuk et al., 2015; Reyes, et al., 2016; Scherer et al., 2017; Yeh et al., 2017) . Findings obtained in this study provide important information on the distinction of TPACK constructs by rough set data analysis with different data analysis technique.
Rule generation is an important part of Rough Set data analysis. Rules had been determined in this study. CK, TK and PK levels had been determined using these rules which gave us the opportunity to make comments on the components regarding pre-service teachers. On the other hand, it is also observed that literature mentions generalized rules (Hassanien, 2004) . When approached from this perspective, further studies can be carried out to generalize the rules in this study and to obtain simpler rules.
As stated by researchers (Cox & Graham, 2009; Doering et al., 2009; Mouza, 2009; Mouza et al., 2014) , it can be said that TPACK constructs are not fixed or static, but are nonlinear relations.
Because it is determined that the rule generation approach in this research can create many rules about the interaction and relation of knowledge constructs of TPACK model. This will provide us with better interpretation and understanding of the TPACK model and the knowledge constructs in the model.
It is observed that the data acquired in this study overlap with the opinions put forth in many other relevant studies. One of the most important criticisms against TPACK model is that the borders of the components are vague in this model and that it is difficult to determine the borders. Angeli and Valanides (2009) stated that the certainty limits of the components in the TPACK model are important. On the other hand, Cox (2008) explained the difficulties of classifying due to the vague borders of the constructs in the model. The accuracy of one of the most important opinions put forth in previous studies regarding the TPACK model has been partially put forth with the application in this study.
As stated by Jimoyannis (2010), the difficulty in putting forth the complex relations between CK, PK and TK as can be seen in this study as well. However, it is understood that theoretical developments are necessary in order to make use of this model more in education applications. It is clear that the certainty levels of the components should be understood in order to make better development and measurements regarding the TPACK model (Angeli & Valanides, 2009) . Hence, applied studies should be carried out for the boundaries and certainty values of the TPACK model as has been done in this study.
Although technology, content, and pedagogy seem to represent different and distinct knowledge bases in this viewpoint, the interactions and connections between these basic concepts form the basis of the overall framework (Archambault & Barnett, 2010) . As discussed by Graham (2011) , it was important to identify the basic concepts and relationships between the TPACK components.
Relations between the constructs in the TPACK model have been put forth in a more descriptive manner in previous studies (Graham, 2010) . However, it is observed that students need more information in order to make use of this model in their learning processes. It can be stated that the boundaries and certainty values of the TPACK model should be opened to discussion with the data acquired in this study. In addition to the descriptive information on the model, applied work regarding criticisms can be carried out to increase the contribution of the model to the learning process.
Limitations and Future Research
In this study, it has been examined to what extent the CK, TK and PK components explain the TPACK level. Other relations in the TPACK model, that is the relationships between TK and CK and TCK as well as the relationship between PK and CK and PCK, and the relationship between TK and PK and TPK, can be examined by future studies. Based on the research findings, it is clear that interactions and relationships among knowledge bases are more complex than as defined or expected. Therefore, we think that although current TPACK schema represents well-defined relationships among knowledge bases and indicates that they all have equal impact on development of TPACK, findings suggest that relationships among TPACK components are poorly-defined and more complex (Pamuk et al., 2015) .
Carrying out the study with pre-service mathematics teachers can be seen as a limitation of the study. In future studies, the levels of teachers regarding TPACK or other fields can be determined via Rough Set Analysis. In conclusion, it can be thought that Rough Set Analysis enables us to reach relationships in the TPACK model that other analysis methods cannot determine. It is thought that Rough Set Analysis will be beneficial in other education studies as well.
Conclusions
In order to explore pre-service mathematics teachers' perceptions about interactions and relationships among knowledge constructs of TPACK. A Rough Set data analysis was conducted for this purpose. This study provides a good example of how educational technologists can use Rough Set Analysis for exploring interactions and relationships among knowledge constructs of the TPACK model. It was determined that the pre-service teachers belonging to any group could potentially belong to other groups in the knowledge constructs of TPACK model. It has been observed that these sets identify rough sets. Furthermore, CK, PK and TK components explain TPACK and that even though the levels of significance of each component are low by itself, it cannot be removed from the data set. Lastly, decision rules have been established between CK, PK and TK with TPACK.
This study will benefit researcher, teachers, teacher educators, and policymakers. Future TPACK research and practical efforts may benefit from the measures of pre-service teachers' knowledge about the intersection and relationships between technology, pedagogy and content. Overall, this research results highlight an important area for the analysis of TPACK scales both teachers and pre-service teachers. Especially, we give concrete example with Rough Set data analysis for the analysis of the TPACK model constructs. Results from this study help establish an empirical basis related to measurement and practices in TPACK development.
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